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 1 
Abstract 2 
Data processing and interpretation represent the most challenging and time-consuming 3 
steps in high-throughput metabolomic experiments, regardless of the analytical platform (mass 4 
spectrometry [MS] or nuclear magnetic resonance spectroscopy [NMR]-based) used for data 5 
acquisition. Improved machinery in metabolomics generate increasingly complex data sets which 6 
create the need for more and better processing and analysis software and in-silico approaches to 7 
understand the resulting data. However, a comprehensive source of information describing the 8 
utility of the most recently developed and released metabolomics resources -- in the form of 9 
tools, software, and databases - is currently lacking. Thus, here we provide an overview of 10 
freely-available, open-source, tools, algorithms and frameworks to make both upcoming and 11 
established metabolomics researchers aware of the recent developments in an attempt to advance 12 
and facilitate data processing workflows in their metabolomics research. The major topics 13 
include tools and researches for data processing, data annotation, and data visualization in MS 14 
and NMR based metabolomics. Most in this review described tools are dedicated to untargeted 15 
metabolomics workflows; however, some more specialist tools are described as well. All tools 16 
and resources described including their analytical and computational platform dependencies are 17 
summarized in an overview Table. 18 
 19 
 20 
 21 
 22 
 23 
 24 
 25 
 26 
 27 
 28 
 29 
 30 
 31 
Page 2 of 68ELECTROPHORESIS
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
For Peer Review
3 
 
1. Introduction 1 
In metabolomics, data processing and interpretation represent some of the most 2 
challenging and time-consuming steps in the high throughput process, regardless of the 3 
analytical platform used for data generation. The exponentially growing volume of generated 4 
data has triggered the research and development of tools, software, programs, databases, and 5 
applications to facilitate the robust understanding of metabolic processes of biological systems. 6 
For instance, natural products discovery has greatly benefited from the development of open-7 
access spectral and chemical databases [1]. In addition, a large number of chemoinformatics 8 
tools are finding direct application in handling metabolomics data or helping in annotation. 9 
Targeted metabolomics investigations obtain quantitative data on a predefined set of compounds, 10 
while untargeted metabolomics studies provide a broader exploration of metabolites with the 11 
goal of identifying new compounds [2]. Untargeted metabolomic studies are characterized by 12 
simultaneous qualitative and quantitative analysis of a large number of metabolites in samples. 13 
Currently, untargeted metabolomics is being increasingly applied in diverse areas of research 14 
such as biotechnology, understanding of microbial interactions, human health and disease, and 15 
functional genomics in the form of metabolic genome-wide associated studies (mGWAS); 16 
however, all these applications share the same bottlenecks: i.e., the harmonization and coverage 17 
of existing analytical methods, the lack of automation of spectral data processing, and the data 18 
interpretation [3]. These limitations are the major driving force providing impetus for the 19 
development of a huge plethora of metabolomics tools, software, programs, and databases. 20 
Although excellent compilations are available for MS-based proteomics tools and frameworks 21 
[4], comparable efforts in metabolomics are few [5]. Online resources such as OMICtools 22 
(http://omictools.com/) [6], Fiehn Lab resources [7], Metabolomics Society’s resource pages [8] 23 
and meeting highlights [9], and a recently started metabomatch [10] catalog and archive are 24 
some of the major available resources. However, there are tools that were developed and released 25 
in the last two years that have not yet been described and listed. Given the tremendous challenge 26 
to accomplish multiple functions in limited time and in a more efficient manner using a single 27 
tool or approach, most of these tools perform multiple analyses steps: these new tools take care 28 
of basic but complex analysis functions and allow end-users to focus on the more sophisticated 29 
functions, data-specific analysis, and novel aspects of the data. Thus, the groupings of 30 
metabolomics tools in the following sections should serve more as guidance for readers than as 31 
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concrete classifications. An overview, focusing on the most recently published, of these freely 1 
available, open-source, downloadable tools, algorithms and frameworks is provided to make the 2 
community aware of them and in an attempt to advance and facilitate data processing workflow 3 
in metabolomics. Since the majority of tools were found to be developed for mass spectrometry 4 
data, this forms the large part of the review, with separate sub-sections devoted to GC-MS and 5 
NMR based tools. All tools and resources, including their analytical and computational platform 6 
dependencies, are summarized in Table 1. 7 
 8 
 9 
2. Data handling and preprocessing  10 
 The two most commonly used approaches for the generation of metabolomic data are 11 
nuclear magnetic resonance (NMR) and mass spectrometry (MS) [11]. MS-based technologies 12 
used for high-throughput metabolomics include chromatography-based MS techniques, such as 13 
GC-MS and LC-MS, as well as chromatography-free methods, i.e., direct infusion, matrix-14 
assisted, and matrix-free laser desorption/ionization, imaging, and other ambient ionization 15 
approaches among others. Metabolomics data handling and processing tools are critical for 16 
generating meaningful scientific results from the vast amount of raw data generally acquired in a 17 
typical metabolomic analysis. Data processing is the first step post-acquisition of raw data from 18 
the instruments/ platforms before starting any metabolite annotation or statistical analysis by 19 
facilitating an easy access to the characteristics of each observed feature, i.e., retention time, m/z 20 
values, ion intensity, and isotope distribution in original raw data sets. Mass spectrum pre-21 
processing algorithms belong to five types of popular methods: spectrum normalization, 22 
spectrum clustering, precursor charge determination, spectrum de-noising, and spectrum quality 23 
assessment [12]. Most preprocessing software pipelines share the general functions of peak 24 
detection, peak alignment, and peak annotation, though the capabilities, advantages, and 25 
limitations vary dramatically among currently available software. For instance, innovations in 26 
peak picking, using wavelet-based peak picker (CantWaiT) and a precursor charge determination 27 
algorithm (Turbocharger), into ProteoWizard suite provide universal tools that are vendor-28 
neutral for MS/MS data handling since they are based on the general mzML and mzXML data 29 
formats [13]. While there are established and time-tested tools that are already widely used for 30 
metabolomic data analysis, there is a wealth of software packages which offer specialized 31 
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functions and capabilities for researchers. There are multiple, popular open-source programs for 1 
MS peak picking, alignment, and annotation such as MZmine [14] which require manual inputs 2 
from the user at each step, in both file-to-file basis and in batch modes for large number of files. 3 
In batch-mode, the chosen options for defined, step-wise data analysis settings can be saved for 4 
future reproducible analysis. Alternatively, XCMS [15] requires more programming knowledge, 5 
but the data analysis steps can be automated once the appropriate parameters are chosen; 6 
however, recently, a web version (XCMS Online) was made available as well, which needs no 7 
programming knowledge to use. In addition, TracMass 2 is a suite of computer programs for 8 
full-scan MS data which provides graphical feedback to the data analyst on parameter settings 9 
and processes results in the form of a table of peak intensities [16]. This modular tool holds 10 
promise for handling of raw LC-MS data for both metabolomics as well as proteomics 11 
applications. MetMSLine, implemented in R helps achieve improved standard operating 12 
procedures and good laboratory practices for efficient and objective, untargeted metabolomics 13 
analyses of large-scale (e.g. >300 samples), high-resolution LC-MS datasets [17]. This R-based 14 
tool is compatible with any peak picking software output (e.g. XCMS, MZmine, and proprietary 15 
software) and is available as both a user friendly graphical user interface for non R specialists 16 
and in the form of command line functions for seamless integration. A new peak detection 17 
approach was implemented as part of the apLCMS package that learns directly from data 18 
features of extracted ion chromatograms (EICs) to differentiate true peaks from noise in LC-MS 19 
profiles [18].  20 
In an interesting comparative study, four freely available and published preprocessing 21 
tools- MetAlign, MZmine, SpectConnect, and XCMS, were evaluated for impurity profiling 22 
using nominal mass GC/MS data and accurate mass LC/MS data. The study indicated that for 23 
GC/MS data, MetAlign had the most component detections, followed by MZmine, 24 
SpectConnect, and XCMS tools [19]. For the LC-MS data, the order was MetAlign, XCMS, and 25 
MZmine, whereas greater detection percentages (increased by ~ 15%) were obtained by 26 
combining the top performer with at least one of the other tools. 27 
 28 
2.1 Tools for targeted analysis by multiple reaction monitoring  29 
Large-scale, targeted metabolomics methods require different software functions and do 30 
generally not suffer from the same challenges as untargeted experiments; however, basic data 31 
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processing steps are needed to collect the relevant information from the spectral data. Recently, 1 
some tools dedicated to targeted metabolomics experiments were released. MRM-DIFF is 2 
software for differential analysis of large-scale multiple reaction monitoring (MRM) assays that 3 
uses a correlation-optimized warping (COW) algorithm to align MRM chromatograms, with 4 
support from quality control (QC) sample datasets to automatically adjust the alignment 5 
parameters [20]. Further, MRM-DIFF allows user-customized reference libraries, which can 6 
include molecular formula, retention time, and MRM transition information, for identification of 7 
the target molecules. A related software tool, MRMPROBS, aids in the analysis of large-scale 8 
MRM assays and supports the data formats of most major mass spectrometer vendors. 9 
MRMPROBS uses mzXML data format and provides a process pipeline from the raw data 10 
import to statistical analysis. Like other pipelines, MRMPROBS performs peak quantification, 11 
missing values imputation, and peak normalization [21]. Similarly, MRM-Ion Pair Finder 12 
software acquires characteristic MRM ion pairs by precursor ion alignment, MS2 spectrum 13 
extraction and reduction, characteristic product ion selection, and ion fusion [22]. ‘FragPred’ 14 
provided an in silico framework for designing QqQ MRM experiments for each of the 82,696 15 
metabolites available in the METLIN metabolite database to enable the application of QqQ mass 16 
spectrometers to large-scale metabolite profiling using MRM experiments [23]. Another 17 
interesting recent tool, Multi-platform Unbiased optimization of Spectrometry via Closed-Loop 18 
Experimentation (MUSCLE), aims to fully automate the optimization of targeted LC-MS/MS 19 
analyses by shortening the analytical time and increasing the analytical sensitivity of targeted 20 
metabolites by iteratively suggesting new LC-MS parameters and processing the resulting peak 21 
data with a genetic algorithm [24]. 22 
 23 
2.2 Tools for isotope-assisted analysis  24 
Stable isotopes-assisted analyses have tremendous potential in addressing the 25 
quantification issues in metabolomics studies, and they need dedicated tools to process and 26 
handle the spectral data. To this end, IsoMS processes raw data generated from LC-MS runs by 27 
performing peak picking, peak pairing, peak-pair filtering, and peak-pair intensity ratio 28 
calculations for applications in chemical isotope labeling (CIL) or isotope coded derivatization 29 
(ICD) [25]. Further, IsoMS uses a chemical derivatization method to introduce a mass tag to all 30 
metabolites that contain a common functional group (e.g., amine). Derivatization is followed by 31 
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LC-MS analysis of the labeled metabolites, enabling better detection of metabolites as well as 1 
relative quantification between labels. This data processing method is based on the use of a mass 2 
spectral feature unique to the chemical labeling approach, whereas any differential isotope-3 
labeled metabolites are detected as co-eluting peak pairs with a fixed mass difference in the mass 4 
spectrum. A common challenge for most metabolomics software is missing data/peaks between 5 
replicates or experimental groups. IsoMS addresses the issue of missing values in a CIL LC-MS 6 
metabolomics experiment by first processing the LC-MS data set to generate metabolite ID and 7 
peak ratio information. This step is followed by a zero-fill program from MyCompoundID.org 8 
that was developed to automatically find and impute missing values by referring back to the raw 9 
LC-MS data to find the peak pair and calculate the desired intensity ratios [26]. IsoMS-Quant 10 
can be used for extracting quantitative information from a metabolomic dataset generated by 11 
CIL- LC-MS. The program reconstructs the chromatographic peaks of the light- and heavy-12 
labeled metabolite pair to calculate the ratio of their peak areas to represent the relative 13 
concentration difference among samples [27]. Relying on chromatographic peaks to perform 14 
relative quantification, IsoMS-Quant is integrated with IsoMS for picking peak pairs and Zero-15 
fill for retrieving missing peak pairs (see also section 2.3) in the initial peak pairs table generated 16 
by IsoMS. ‘isoMETLIN’ is a database developed for identification of metabolites incorporating 17 
isotopic labels, which enables users to search all computed isotopologues derived from the 18 
METLIN database on the basis of m/z values and specified isotopes of interest such as 13C or 15N 19 
[28]. For more confident compound identification, MS/MS spectra need to be recorded and 20 
compared against MS databases or spectra of authentic refer nce standards obtained under the 21 
same experimental conditions. One elegant approach to this is full, in vivo, stable isotopic 22 
labelling (SIL) of whole organisms. Similarly, another software tool FragExtract was developed 23 
and evaluated with LC-HRMS/MS spectra of both native 12C- and uniformly 13C (U-13C)-labeled 24 
analytical standards to combine SIL and MS/MS for the automated interpretation of the 25 
elemental composition of fragment ions for structural elucidation of compounds [29]. 26 
Isotopologue Parameter Optimization (IPO) is a software package that aims to optimize XCMS 27 
processing parameters and can handle data from different samples and data from different 28 
methods of liquid chromatography - high resolution mass spectrometry (LC-HRMS) platforms 29 
[30]. IPO addresses this challenge by automatically evaluating the effect of a range search 30 
parameters on peak detection, retention time alignment, and peak grouping. IPO reports the 31 
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optimal configuration after targeting the maximization or minimization of important analytical 1 
results, for example, by reducing retention time differences within peak groups. IPO optimizes 2 
XCMS peak picking parameters by virtue of stable 13C isotopic peaks to calculate the peak 3 
picking score and retention time correction leading to optimized grouping parameters in a 4 
controlled and reportable manner. ‘Massifquant/Optimize-it’ provides an optimization code and 5 
documentation for isotope trace (IT) detection in real and complex LC-MS datasets and is also 6 
integrated into XCMS [31].  7 
 8 
2.3 Tools for handling of missing values  9 
Missing values in metabolomics datasets are a common occurrence and originate from a 10 
number of sources, such as technical and biological reasons, and are contrivances to downstream 11 
data processing, especially statistical analysis, since many statistical calculations cannot cope 12 
with a ‘zero’. To reconstruct or circumvent missing data, different forms of data imputation are a 13 
possible solution. A software application, x-VAST, deals with missing values and masking 14 
effects in data sets due to the high variation of abundant metabolites. It amends the measurement 15 
deviation enlargement, enabling rescue of low abundant masked differential metabolites [32]. An 16 
R package called metabomxtr (available through Bioconductor) was also developed to facilitate 17 
mixture-model analysis (which accounts for missing metabolites due to their absence or them 18 
being below the detection limit) in data sets where only a portion of samples have quantifiable 19 
abundance for certain metabolites [33]. Any software pipeline which addresses missing values 20 
can generate peak data based on analytical noise; therefore care must be taken to establish noise 21 
limits for each detected peak.  22 
In MS-based metabolomics, data sets may contain missing values, which complicates 23 
some quantitative analyses, yet the presence/absence of a metabolite and a quantitative value of 24 
the abundance level of a metabolite are still possible. To tackle such challenges, a novel, kernel-25 
based [34] score test for the metabolomics’ differential expression analysis was implemented in 26 
R to capture both continuous and discrete patterns, as shown for liver cancer metabolomics data 27 
sets [35]. Furthermore, such multiple kernel–based, machine-learning approaches to predict 28 
molecular fingerprints and identify molecular structures have enabled mapping of mass spectra 29 
to molecular fingerprints, where predicted fingerprints are used to score candidate molecular 30 
structures [36].  31 
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 1 
2.4 Tools for retention time alignment and intensity drift correction 2 
To effectively compare different metabolomics experiments, one should be confident that 3 
the same feature is compared across different data sets. For example, LC-platforms often suffer 4 
from retention time drifts within experiments, depending on chromatographic parameters such as 5 
column chemistry, mobile phase, and elution gradient. Therefore, different alignment tools were 6 
developed to group them feature across data sets together. Once a high-quality metabolomics 7 
method is established, it can still be difficult to determine the optimal parameters for peak 8 
alignment. Many peak picking tools like the already introduced XCMS have therefore options to 9 
perform retention time correction and grouping of the features as described above. 10 
Drift effects of the peak intensity is another frequent and major source of variance in LC-11 
MS datasets that leads to erroneous statistical results during metabolomic analyses. To this end, a 12 
methodology based on a common variance analysis before data normalization was implemented 13 
in an R package called intCor [37]. For direct matching, a peak alignment method for LC-MS 14 
data sets is available as a standalone package [38], implemented in Python, where the tool 15 
incorporates related peaks information (within LC-MS runs) and investigates their effect on 16 
alignment performance across runs [39]. A genetic programming-based approach for multiple 17 
alignment of LC-MS data (GPMS) was also available where peaks from different LC-MS maps 18 
(peak lists) are matched to allow the calculation of retention time deviation, followed by use of 19 
GP for multiple alignment of the peak lists with respect to a reference [40]. Although used in 20 
LC-DAD (diode array detector) metabolite profiling, an R package ‘alsace’ relies on a strategy 21 
based on multivariate curve resolution [41]. The tabulated results contain peak heights and areas 22 
for all features of the individual injections, and the tool allows data splitting and merging based 23 
on time-windows and parametric time warping (PTW) to align features which were shown for 24 
cassava-derived data sets as a proof-of-concept study. PTW is a highly restricted form of the 25 
warping functions that avoids over fitting, leading to alignment of peaks across samples in a 26 
robust manner by working on peak-picked features (and not on profiles). In addition, a PTW of 27 
peak lists is implemented in R [42].  28 
PeakANOVA is another tool implemented in R that uses a hierarchical Bayesian model 29 
for finding differences between sample groups [43]. This package reduces the error of weak and 30 
non-existent covariate effects, and false-positives by using mass spectral peak data by clustering 31 
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similar peaks into latent compounds and groups which respond in a coherent way to 1 
experimental covariates. Like mentioned earlier, Table 1 provides a list of the data preprocessing 2 
and handling tools discussed above including their URLs and references.  3 
 4 
 3. Statistical tools for metabolomics data 5 
Once the data is preprocessed and aligned, relevant mass or NMR features are normally 6 
extracted from the data using statistical approaches focusing on finding discriminative features 7 
for a certain condition. Univariate and multivariate statistical analysis techniques are used to 8 
extract relevant information from data with the aim of providing biological insights on the 9 
problem studied [44]. Further, statistical tools like the t-test, analysis of variance (ANOVA), 10 
principal component analysis (PCA), or partial least squares discriminant analysis (PLS-DA) are 11 
usually integral statistical components in metabolomics studies. The appropriateness of a 12 
statistical test for detecting differential expression in omics studies is determined by the data 13 
distribution. Thus, multivariate statistical analyses, such as PCA, PLS-DA, logistic regression, 14 
support vector machine, random forest; and model evaluation and validation methods such as 15 
leave-one-out cross-validation, Monte Carlo cross-validation, and receiver operating 16 
characteristic (ROC) analysis; are both finding growing applications in metabolomics research 17 
[45]. For example, SIMCA (Umetrics, Umeå, Sweden) is widely used to create PLS-DA/OPLS-18 
DA models. [46].  19 
DeviumWeb, short for Dynamic MultivariatE Data Analysis and VIsUalization PlatforM, 20 
is data analysis and visualization software for multivariate data [47]. DeviumWeb offers a 21 
variety of tools for metabolomic data analysis, including statistical and power analysis, data 22 
normalization, clustering, PCA, machine learning methods, and biochemical pathway enrichment 23 
analysis and visualization tools (Figure 1 A). Another noteworthy statistical analyses suite, 24 
BioStatFlow version 2.7.7., developed by National Institute of Agronomic Research, France 25 
(INRA, http://www.inra.fr/), is an extremely user friendly web-tool for analyses of -omics scale 26 
data. 27 
Indeed, finding the causes of unwanted variation (from diverse sources ranging from 28 
operator, to instrument issues to data analyst) in metabolomics experiments are critical 29 
dimensions before proceeding to data interpretation, so as a consequence we observed the release 30 
of methods for handling this unwanted variation, and statistical approaches for the removal of 31 
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these variations to obtain normalized metabolomics data [48]. For example, to identify and 1 
quantify the contribution of relevant sources of variation in metabolomics data prior to 2 
investigation of etiological hypotheses, a Principal Component Partial R-square (PC-PR2) 3 
method combining the features of PC and multivariable linear regression analyses was 4 
developed, which has potential in large-scale, epidemiological metabolomics investigations [49]. 5 
Another example is EigenMS, a stand-alone set of two functions implemented in R which relies 6 
on a decomposition-based method for normalization of metabolomics data sets. EigenMS leaves 7 
the treatment group differences unaffected by first estimating treatment effects with an ANOVA 8 
model and bias of unknown complexity from the LC-MS metabolomics data, allowing increased 9 
sensitivity in differential analysis [50]. RepExplore is a web-service dedicated to providing more 10 
reliable and informative differential expression and abundance statistics among replicates, in 11 
addition to the analysis of a variety of –omics data, such as fully automated data processing and 12 
interactive ranking tables, whisker plots, heat maps, and PCA visualizations to interpret -omics 13 
data sets and derived statistics (Figure 2 A, B) [51]. Another open-source tool, Normalyzer, 14 
normalizes the data with 12 different normalization methods and generates a report with several 15 
quantitative and qualitative plots for comparative evaluation of different methods (Figure 2 C) 16 
[52]. Although it has proven applications in quantitative proteomics and transcriptomics, it still 17 
remains to be seen if this R package is applicable for metabolomics applications. Finally, MSPep 18 
is an R package for post-processing of metabolomic data. It performs summarization of 19 
replicates, filtering, imputation, and normalization, and it generates diagnostic plots and outputs 20 
final analytic datasets for downstream analysis [53].  21 
In a very innovative approach to capture the micro-organismal, interspecies competition-22 
induced, highly complex, ecological interactions-generated, untargeted metabolomics data of 23 
bioactives in ‘co-cultures’, Projected Orthogonal CHemical Encounter MONitoring 24 
(POCHEMON), written in MATLAB, was shown to be a novel multivariate data analysis 25 
method that reveals all competition-related, biochemical changes from the co-cultures, both up- 26 
or down-regulated, and de novo synthesized metabolites [54]. Similarly, Mutual Information-27 
based multivariate Reporter Algorithm (MIRA) is a multivariate and combinatorial algorithm 28 
that calculates the aggregate transcriptional response around a metabolite using mutual 29 
information [55]. In this proof-of-concept study, MIRA was successful in the gene expression 30 
analysis of six knockout strains of Escherichia coli to help capture the metabolic dynamics of the 31 
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switch from aerobic to anaerobic respiration by eradicating statistics related issues associated 1 
with small sample sizes, analyses of genes one-by-one and as a group, and overcoming z-score 2 
associated inconsistencies.  3 
 4 
4. Metabolite annotation and identification tools and resources 5 
Metabolite annotation is the bridge between high quality MS data and useful biological 6 
information, be it through exploratory non-targeted profiling or targeted profiling approaches. 7 
However, identification of molecules, i.e., assignment of a chemical structure to a mass feature, 8 
is often a difficult and time-consuming process. Typically, if no authentic standard compounds 9 
are available, but fragmentation data (i.e., MS2 or MSn data) is acquired, the compounds are 10 
putatively identified by comparing the measured MS/MS fragments against spectra of tandem 11 
MS databases that are publicly available. MassBank [56, 57], METLIN [58, 59], or NIST 12 
MS/MS [60] databases are commonly used for spectral comparisons. However, there are 13 
substantial issues in database based annotation process, such as completeness of the databases, 14 
conversion from raw data to molecular structure, and false discovery rate of matched hits, among 15 
others. To solve these limitations, several software tools were published in recent years, many of 16 
which attempt to use the structural information that MS fragmentation spectra generate of 17 
selected metabolites. Furthermore, spectral and compound databases have become indispensable 18 
resources for metabolite annotation and identification. Unsurprisingly, several tools were 19 
released that make use of the increasing power and coverage of metabolite and chemical 20 
compound databases. The diversity of tools is such that it is hard to make a classification within 21 
these metabolite annotation and identification tools, so the authors decided to present them 22 
alphabetically here.  23 
 24 
BioSM is a chemiinformatics tool that uses known mammalian biochemical compounds 25 
(such as scaffolds) and graph matching methods to identify biochemical structures in chemical 26 
structure space for qualitative and quantitative biochemical annotation, leading to the 27 
identification of unknown biochemical structures in metabolomics [61]. BioSMXpress is an 28 
advanced BioSM that provides enormous resources for identification of unknown biochemical 29 
structures in metabolomics, based on matching graph methods against known biochemical 30 
structures in chemical structure space [62]. 31 
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The recently introduced competitive fragmentation modeling (CFM), is a machine 1 
learning approach which finds application in both a MS/MS spectrum prediction task (i.e., 2 
predicting the mass spectrum from a chemical structure) and in a putative metabolite 3 
identification task (ranking possible structures for a target MS/MS spectrum) [63]. CFM-ID is 4 
the freely available web server based on the CFM approach aiding in the interpretation of tandem 5 
mass spectra (MS/MS) for the purpose of automated metabolite identification by facilitating 6 
annotation of the peaks in a spectrum for a known chemical structure, prediction of spectra for a 7 
given chemical structure, and putative metabolite identification [64]. Another tool, 8 
ChemProphet, can be used to annotate compounds using databases such as PubChem and 9 
ChemSpider for LC-HRMS with multistage, CID–provided spectral information on conjugated 10 
metabolites [65]. The annotation of conjugates involves recognition of the type and number of 11 
conjugates, compound search and annotation of the deconjugated form, and in silico evaluation 12 
of the candidate conjugate, where spectra are assigned to each candidate by automatically 13 
exploring the substructures corresponding to the observed product ion spectrum.  14 
 15 
GS-align was developed for glycan structure alignment and similarity measurement, in 16 
addition to allowing template-based glycan structure prediction [66]. Cosmiq is a tool (available 17 
on Bioconductor) for preprocessing LC-MS and GC-MS data, with a focus on metabolomics or 18 
lipidomics applications, which aids in the detection of low abundant signals, as it generates 19 
master maps of the m/z and retention data from all acquired runs before generating a peak 20 
detection algorithm, leading to robust identification and quantification of low-intensity MS 21 
signals compared to conventional approaches [67].  22 
Feature Credentialing is a tool available as an R package, a simple software algorithm 23 
that is freely available and has been validated with reversed-phase and hydrophilic interaction 24 
LC as well as Agilent, ThermoScientific, AB SCIEX, and LECO mass spectrometers [68]. 25 
Shown with the help of E. coli extracts in a proof-of-concept study that accurately compared the 26 
number of non-artifactual features yielded by different experimental approaches (i.e., cells 27 
cultured in regular and 13C-enriched media and on the basis of isotope spacing and intensity), the 28 
credentialing platform can readily be applied by any laboratory to optimize their untargeted 29 
metabolomic pipeline for metabolite extraction, chromatographic separation, mass spectrometric 30 
detection, and bioinformatics processing.  31 
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HAMMER [69] is a software package for automation of Mass FrontierTM 1 
(ThermoScientific) analysis, a commercial software, allowing high throughput automation and 2 
generation of in silico mass spectral libraries and performing spectral matching [70].  3 
HR3 is a software program for annotation of elemental composition of molecular ions 4 
detected in MS, based on improved filtering rules followed by ultrafast querying in publicly 5 
available compound databases (i.e., PubChem, a general source of 1.3 million unique chemical 6 
formulas and a plant metabolomics database containing ca. 100, 000 formulas), which can 7 
potentially be used as a source of naturally occurring compounds [71]. 8 
  9 
In the MS (E) mode, a mass-spectrometer fragments all molecular ions generated from a 10 
sample allowing to record time-resolved molecular ion and fragment ion data for both molecular 11 
ions and fragments. For lipids (lipidomics experiments), the freely available software tool 12 
LipidPro matches the retention time-aligned m/z data of molecular- and fragment ions with a 13 
lipid database and generates a report on all identified lipids for large datasets generated by LC-14 
MS/MS that uses the advanced, data-independent acquisition (DIA) mode MS (E) [72]. 15 
MS Annotation, based on in silico Generated Metabolites (MAGMa), is an automatic 16 
annotation software of MS/MS-based fragmentation data [73, 74] that can be used through a web 17 
server. The MSn or MS/MS data are uploadable as a hierarchical tree of fragment peaks based on 18 
m/z values, while after submitting the data candidate molecules are automatically retrieved from 19 
PubChem, KEGG, or HMDB. Recently, the MAGMa approach was combined with in silico 20 
predictions of human metabolized green tea compounds, which resulted in the successful 21 
annotation of 100 urinary metabolites of green tea drinkers [75].  22 
 23 
MAIT (Metabolite Automatic Identification Toolkit) is implemented in R for LC-MS 24 
based metabolomics data set analysis to generate statistical results, peak annotation, and 25 
metabolite identification as outputs, with a focus on the peak annotation stage [76]. Metabolome 26 
Searcher is a web-based tool for putative compound identification of MS output based on 27 
genome-restricted metabolic capability, by directly searching genome-constructed metabolic 28 
databases, especially for identifications of large data sets for metabolites that are not in 29 
compound databases [77].  30 
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METabolite COmpound Feature Extraction and Annotation (MET-COFEA) detects and 1 
clusters chromatographic peak features for each metabolite compound by comprehensive 2 
evaluation of retention time and peak shape criteria, followed by annotations of the associations 3 
between each peak’s observed m/z value with the corresponding metabolite compound’s 4 
molecular mass [78]. MetAssign, implemented as part of the mzMatch metabolomics analysis 5 
pipeline, is based on Bayesian modeling that combines information from the mass-to-charge 6 
ratio, retention time, and intensity of each peak, with increased accuracy of peak annotation [79].  7 
MS2Analyzer enables user-defined searches of thousands of spectra for mass spectral 8 
features such as neutral losses, m/z differences, and product and precursor ions from MS/MS 9 
spectra [80]. A proof-of-concept validation study showed that 92.1 ± 6.4% of the 13 typical 10 
neutral losses (i.e., acetylations, cysteine conjugates, or glycosylations) correctly annotated the 11 
associated substructures of complex lipids in microalgae. Metabolite Identification via Database 12 
Searching (MIDAS) is an open source algorithm developed to evaluate a metabolite-spectrum 13 
match (MSM), where it first enlists fragments from a metabolite-by-bond dissociation, calculates 14 
the plausibility of fragments based on their fragmentation patterns, and then scores MSM to 15 
assess the match quality of experimental MS/MS spectrum from collision-induced dissociation 16 
(CID) against a predicted CID MS/MS spectrum [81].  17 
 18 
The mzCloud database [82] has become a powerful computational and database 19 
framework for compound annotation and identification for LC-MSn and LC-MS/MS data sets, 20 
having both collision induced dissociation (CID) and higher-energy collision dissociation (HCD) 21 
fragmentation spectra available for more than 3000 unique molecules (Figure 3). Moreover, it 22 
assists analysts in identifying compounds, even when they are not present in the library, using 23 
substructure search. 24 
Extending the Biochemical Network Integrated Computational Explorer (BNICE) 25 
framework, Metabolic In silico Network Expansions (MINEs) expand curated biochemistry 26 
databases by considering the products of known enzymatic activities to address metabolite 27 
identifications from spectral features [83]. Using expert-curated reaction rules based on the 28 
Enzyme Commission classification system to propose novel chemical structures and reactions, 29 
198 of these generalized chemical reaction rules were applied once to all compounds in KEGG, 30 
EcoCyc, and the YMDB, resulting in MINE databases of predicted products and chemical 31 
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reactions. The KEGG Compound database, consisting of over 571,000 compounds, and a proof-1 
of-concept study MINE were used together to annotate untargeted metabolomics data from an E. 2 
coli knockout study.  3 
 4 
Another noteworthy tool is the ‘Molecular Networking’ approach that allows MS/MS 5 
data visualization of complex metabolomics data sets to aid in their visualization and 6 
interpretation. Thus, molecular networking combines metabolomes into a single network in 7 
which the MS/MS data is organized based on chemical similarity; this was applied to MS/MS 8 
data sets from diverse samples [84]. In doing so, it was shown that molecular networking is a 9 
powerful complement to traditional dereplication strategies, whereby including structurally 10 
known synthetic structures in the network analysis leads to the discovery of novel natural 11 
products, as shown in microbial samples [85, 86]. In an integrated strategy, by combining i) high 12 
scan-speed QTOF, coupled with ultra-high-pressure liquid chromatography (UHPLC) for data 13 
collection, with ii) molecular networking as an organizational tool, iii) Cytoscape, spatial 14 
mapping as visualization tool, iv) and an automated database search for rapid identification of 15 
several classes of metabolites including lipids, several discriminative metabolites were identified 16 
from direct tissue extractions of human lung associated with cystic fibrosis [87].  17 
 18 
Mass Spectrometry-Data Independent AnaLysis software (MS-DIAL) is an open source 19 
software pipeline that was developed for data-independent, acquisition-based identification and 20 
quantification of small molecules by mass spectral deconvolution. MS-DIAL was applied to the 21 
analysis and identification of chemotaxonomic grouping in nine algal strains based on 22 
identification of 1,023 lipids by reversed-phase LC-MS/MS analysis [88]. MSFINDER is the 23 
first software program to predict molecular structures from experimental MS and MS/MS spectra 24 
that extensively utilize online resources [89]. The source code is written in the C and predicts the 25 
molecular skeleton, i.e., the first block of InChIKey. 26 
The software tool ‘mzGroupAnalyzer’ is an algorithm to automatically explore the 27 
metabolome for the detection of metabolite transformations caused by biochemical or chemical 28 
modifications, whereby pathways are extracted directly from the data and putative novel 29 
structures can be identified [90]. The tool mzGroupAnalyzer is integrated into the graphical user 30 
interface (GUI) of the COVAIN toolbox. ProbMetab is an R package that follows a Bayesian 31 
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model for automated probabilistic LC-MS metabolome annotation [91]. RAMClustR is an R 1 
package that groups signals from MS data into spectra without relying on the predictability of the 2 
in-source phenomenon and the annotation of MS signals by incorporating indiscriminant MS/MS 3 
(idMS/MS) data, leading to the identification of metabolites from a single experiment [92]. 4 
 5 
Finally, among other promising approaches used for mining LC-MS-based metabolite 6 
profiling data for specific metabolite classes is achieved by calculating relative mass defects 7 
(RMDs) from molecular and fragment ions [93]. As shown in this proof-of-concept study for 8 
sesquiterpenoids of wild tomato Solanum habrochaites LA1777 trichomes, this strategy enabled 9 
identification of compounds in complex plant mixtures independent of retention time, 10 
abundance, and elemental formula and led to the prediction of 24 novel elemental formulas 11 
corresponding to glycosylated sesquiterpenoid metabolites and 200 distinct sesquiterpenoid 12 
metabolites. Here, it is interesting to mention that chemoselective (CS) probes that tag to 13 
metabolite functional groups when combined with high mass accuracy provide aids in metabolite 14 
identification and quantification [94], as well. Further, using a novel algorithm that efficiently 15 
detects functional groups within existing metabolite databases such as KEGG and HMDB allows 16 
for combined molecular formula and functional group queries to aid in metabolite identification 17 
without a priori knowledge. In silico analysis of CS-tagging strategies demonstrated that 18 
combined FT-MS derived molecular formulae and CS-tagging can uniquely identify up to 71% 19 
of KEGG and 37% of the combined KEGG/HMDB database. Table 1 lists the available 20 
annotation resources. 21 
 22 
5. Pathway analysis, network construction, visualization, and biological interpretation tools 23 
Availability, construction, re-construction, and visualization of metabolic pathways as 24 
well as biochemical networks constitute the most important steps toward biological interpretation 25 
of metabolomics datasets. For example, computational tools can use available biochemical 26 
pathway information to rank putative annotations based on the number of metabolites measured 27 
within a given biochemical pathway. In bioinformatics, visualization provides researchers with 28 
an overview of large and complex datasets, assists in discovering or inferring patterns and 29 
relationships within data sets, for facilitating data mining, drawing conclusions, hypothesis 30 
generation, and rational interpretation of results. Further, the need for tools for storage, query, 31 
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browsing, analysis, and visualization has been critical for software development in this area. 1 
Unsurprisingly, we have witnessed the release of numerous ‘pathway visualization tools’ in 2 
recent years, of which we list several here.  3 
 4 
5.1 Tools for pathway-scale mapping and visualizations 5 
PathWhiz is a web server that generates colorful, aesthetic, and biologically meaningful 6 
pathways that are both machine-readable and are interactive [95]. Further, it readily generates 7 
complex pathways by using a specially designed drawing tool to quickly render metabolites 8 
(including automated structure generation), proteins, nucleic acids, membranes, subcellular 9 
structures, cells, tissues, and organs, thus allowing both small-molecule and protein/gene 10 
pathways constructions. It also combines multiple pathway processes such as reactions, 11 
interactions, binding events, and transport activities as well. TrackSM, developed in MATLAB, 12 
is a chemoinformatics tool used to associate chemical compounds to metabolic pathways based 13 
on molecular structure-matching methods [96]. TrackSM successfully associated 93% of tested 14 
structures to their correct KEGG pathway class and 88% to correct individual KEGG pathway. 15 
MarVis-Pathway, integrated to MarVis-Suite, is a tool that allows identification of metabolites 16 
by annotation of pathways from cross-omics data, pathway enrichment, and meta-analysis, thus 17 
aiding in mapping of data set features by ID, name, and accurate mass (including adduct and 18 
isotope correction information) from MS Data [97]. InCroMAP is a data integration, analysis, 19 
and visualization tool for metabolomics, and other multi-omics data sets for integrated 20 
enrichment analysis and pathway-based visualization [98]. Similarly, integrative Pathway 21 
Enrichment Analysis Platform (iPEAP) allows analyses of multi-omics data sets including 22 
metabolomics, and GWAS data and aggregates the pathway enrichment results generated in 23 
different high-throughput experiments quantitatively for the integration, comparison, and 24 
evaluation of diverse data types [99]. Kpath is another database for integration of information 25 
related to metabolic pathways, provides a navigational interface for browsing and use of the 26 
integrated data to build metabolic networks based on existing knowledge [100]. Pathomx is an 27 
open source cross-platform analysis tool developed in Python for import, processing and 28 
visualization of (all types of metabolomics) data alongside back end integration with MATLAB 29 
and R [101]. In a proof-of-concept study, the application of the software to 1D and 2D 1H NMR 30 
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metabolomics data analysis for mammalian cell growth under hypoxic conditions was also 1 
provided. Similarly, R-based tools such as pwOmics are now available which perform pathway-2 
based, level-specific, time-series data comparison of multiple -omics using public database 3 
knowledge [102]. In a cross-platform consensus analysis, the combined interpretation of 4 
regulatory effects over time was observed via network reconstruction and inference methods, 5 
leading to consensus graphical networks (see also section 5.2). However, as for all pathway 6 
visualization tools, the application of pwOmics to metabolomics datasets needs to be carefully 7 
conducted and checked, with the obvious challenges in ID conversion and mapping issues 8 
associated with metabolites.  9 
5.2 Tools for network-scale mapping and visualizations 10 
 11 
Genome-scale metabolic networks have caught the attention of biological researchers, as 12 
they assist in adding insights into biological questions, as compared to the much more simplistic 13 
view of one-dimensional biochemical pathways such as KEGG. PathCase Metabolomics 14 
Analysis Workbench (PathCaseMAW) runs on a manually-created, generic, mammalian 15 
metabolic network, is a database-enabled framework (with its user-friendly interface), and can be 16 
used to generate new metabolic networks and/or update an existing metabolic network [55]. 17 
These genome-scale metabolic networks are accessible through a web interface or an iPad 18 
application that implement an integrated steady-state metabolic network dynamics analysis 19 
(SMDA) algorithm. MetaMapR leverages the KEGG [103] and PubChem [104] databases to 20 
provide methods for integration and visualization of complex metabolomics experiments, even in 21 
cases where biochemical domain knowledge or molecular annotations are unknown [105]. For 22 
example, MetaMapR has been used to integrate both biochemical reaction information with 23 
molecular structural and mass spectral similarity to identify pathway-independent relationships 24 
among metabolites, even in cases where the metabolite annotation or structural identify was 25 
unknown [106-108]. Network calculation is further bolstered through an interface to the 26 
Chemical Translation System [109], allowing metabolite identifier translation between > 200 27 
common biochemical databases. On a personal note, the authors find MetaMapR extremely 28 
useful and easy to use when combining a wide range of data sets, grouping them according to 29 
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both chemical structure and functionality, and providing biological insights (Figure 1 B). An 1 
example is provided in Figure 1 from another recent review manuscript. [110].  2 
Metabnet is another R package for metabolic network analysis based on a high-resolution 3 
targeted, metabolome-wide association study (MWAS) of specific metabolites for metabolic 4 
pathways and network structures prediction [111]. Several other tools were developed such as 5 
additional functionality, applications (apps), plugins, or add-ons to Cytoscape [112] for network 6 
analysis such as CentiScaPe [113], KEGGscape [114], GeneMANIA [115], MetDisease [116, 7 
117] and, recently discussed elsewhere [118], KeyPathwayMiner 4.0 [119] for integration of 8 
multiomics data sets. A huge number of other similar tools, which are not introduced here, 9 
continue to pile up. Another noteworthy approach for prediction of enzymatic reaction networks 10 
from a metabolome-scale compound set and finding chemical substructure transformation 11 
patterns in multistep reaction sequences is a recursive, supervised approach [120]. MetaNET is 12 
an open source, platform-independent, and web-accessible resource for metabolic network 13 
analysis through flux balance and variability, chemical species participation, cycles, and extreme 14 
paths identification [121]. This web tool is implemented in Galaxy workflow and has Systems 15 
Biology Research Tool (SBRT) among its components. FunRich, is an open access, standalone 16 
functional enrichment and network analysis tool that performs functional enrichment analysis on 17 
background taxonomic and custom-made databases that are integrated from heterogeneous omics 18 
and metabolomics datasets [122]. Similarly, Network Portal serves as a modular database for the 19 
integration of custom and public data sets, with inference algorithms and tools for the storage, 20 
visualization, and analysis of biological networks [123]. This portal is integrated into the Gaggle 21 
framework alongside social networking capabilities for collaborative projects. Presently, the 22 
database contains networks for 13 prokaryotes from diverse phylogenetic clades (4678 co-23 
regulated gene modules, 3466 regulators, and 9291 cis-regulatory motifs). A chemical graph 24 
alignment algorithm, PACHA (Pairwise Chemical Aligner) detects the regioisomer-sensitive 25 
connectivity between the aligned substructures of two compounds, thus rendering it useful for 26 
reaction annotation that assigns potential reaction characteristics such as EC (Enzyme 27 
Commission) numbers and PIERO (Enzymatic Reaction Ontology for Partial Information) terms 28 
to substrate-product pairs [124]. SimIndex (SI) and SimZyme, implemented in Python, use the 29 
chemical similarity of 2D chemical fingerprints to efficiently navigate large metabolic networks 30 
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and propose enzymatic connections [125]. This study also reported a Byers–Waterman type 1 
pathway search algorithm for further paring down pertinent networks where general graph search 2 
algorithms are extremely slow, for instance, for very extensive metabolic networks. 3 
5.3 Other useful small molecule tools and approaches that involve pathways or enzymes 4 
BiNChE is an open-source enrichment analysis tool for small molecules based on their 5 
Chemical Entities of Biological Interest (ChEBI) role or similar structural ontologies that 6 
displays interactive graphs that are exportable in high resolution image and network formats 7 
[126]. This may aid in the exploration of large sets of metabolites identified in metabolomics or 8 
other systems biology research contexts. In the PlantSEED server, a significant number of 9 
genome-scale metabolisms for different organisms were reconstructed and made available [127]. 10 
The Selective Paired Ion Contrast (SPICA) algorithm extracts biologically relevant information 11 
from the noisiest of metabolomic data sets, as it relies on analyzing ion-pairs by exhaustively 12 
considering all possible ion-pair combinations and statistical comparisons between sample 13 
groups, leading to biomarker discovery using support vector machines (SVMs) [128]. KiMoSys 14 
is web-based and integrates public experimental and published data and associated model 15 
repository with computational tools, providing a novel application for facilitating data storage 16 
and sharing for the systems biology community [129]. This web application, implemented using 17 
the Ruby on Rails framework, is freely available and contains concentration data of metabolites 18 
and enzymes and flux data. Integrated Interactome System (IIS) is a web-based, free, and 19 
integrative platform for annotation, analysis, and visualization of the interaction profiles of 20 
proteins/genes, metabolites, and drugs of interest, as well as metabolomics data sets [130]. It 21 
consists of submission, search, annotation, and interactome modules for building networks that 22 
gather novel identified interactions, protein, and metabolite expression/concentration levels, 23 
subcellular localization and computed topological metrics, GO biological processes, and KEGG 24 
pathways enrichment. TAPIR is a Python visualization software for chromatograms and peaks 25 
identified in targeted proteomics and metabolomics experiments [131]. The input formats are 26 
mzML for raw data storage and TraML for encoding the hierarchical relationships between 27 
transitions, thus aiding in visualization of high-throughput –omics datasets. For ‘interactomics’, 28 
other efforts include multivariate gene-metabolome association studies using a Bayesian-29 
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reduced, rank regression approach [132]. Table 1 lists these pathway, network, and interpretation 1 
tools.  2 
6. Metabolomics libraries, databases, experiment repositories, and meta-data storage  3 
In addition to data handling, processing, and annotation tools, several chemoinformatics 4 
resources in the form of libraries, databases, and applications/ add-ons were released or 5 
extensively updated during this two year period. Publically-accessible, large databases aiding 6 
metabolomics discovery include PubChem [133] and ChemSpider [134] which contain organic 7 
and biological molecules that are searchable by exact mass or compound name, whereas 8 
METLIN [135], MassBank, and MzCloud contain curated compounds of biological origin that 9 
are searchable by exact mass and fragmentation spectrum. It is noteworthy that the commercial 10 
NIST database now not only contains a large body of spectra relevant for GC-MS (EI 11 
fragmentation), but also MS/MS spectra relevant for LC-MS (ESI fragmentation) to aid in 12 
metabolite annotations. KNApSAcK Family Databases holds potential to find applications in 13 
numerous metabolomics approaches ranging from natural products–based drug discovery to 14 
animal, plant, and microbial metabolomics [136, 137]. These databases also facilitated in the 15 
development of network-based approaches to analyze relationships between 3D structure and 16 
biological activity of metabolites. In a proof-of-concept study using a data set consisting of 2072 17 
secondary metabolites and 140 biological activities reported in KNApSAcK Metabolite Activity 18 
DB, about 983 statistically significant structure group-biological activity pairs were obtained.  19 
 20 
6.1 Databases useful for specialized applications  21 
Databases help in detection, identification, classification and interrogation of molecular 22 
structures to help us interpret their relevance to biological phenomena. Easier navigation, 23 
integration and extraction of information out of the chemical and biological databases from 24 
diverse fields of study would enhance the usefulness to metabolomics research. Within the past 25 
two years, numerous new databases have surfaced, with applications ranging from plant and 26 
microbial to pharmaco-metabolomics. Tea Metabolome database (TMDB) is a manually curated 27 
and web-accessible database of metabolites found in tea (Camellia sinesis) and related species 28 
which is a repository of 1393 metabolites [138]. Each metabolite entry in TMDB contains an 29 
average of 24 separate data fields, such as compound structure, formula, molecular weight, 30 
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name, CAS registry number, compound type, health benefits, reference literature, NMR, MS 1 
data, and the corresponding IDs from databases such as HMDB and PubMed. BioPhytMol 2 
database is a drug-discovery community resource and database with anti-mycobacterial 3 
phytomolecules and plant extracts that holds 2582 entries including collective information 4 
for188 plant families (for 692 genera and 808 species) from global flora, that were manually 5 
curated from literature including 633 phytomolecules (with structures) curated against 25 target 6 
mycobacteria [139]. The ESSential OIL DataBase (EssOilDB) is an electronic database designed 7 
to provide knowledge resource for plant essential oils that allows user queries on volatile profiles 8 
of native, invasive, normal or stressed plants across taxonomic clades, geographical locations, 9 
and several other biotic and abiotic influences [140]. EssOilDB boasts 123 041 essential oil 10 
records, spanning a century of published reports on volatile profiles with data from 92 plant 11 
taxonomic families. Microbial VOCs (mVOCs) is an up-to-date collection on microbial volatile 12 
organic compounds (VOCs) [141]. These latter two would prove to be important resources for 13 
essential oil and volatiles-based metabolomics. Environmental metabolomics is defined as the 14 
use of metabolomics techniques to characterize the metabolic response of organisms to natural 15 
and anthropogenic stressors in the environment [142]. To this end, for applicability in marine 16 
environment research, a boutique database was developed for efficient data analysis and 17 
selection of mass spectral targets for metabolite identification and has led to the development of 18 
‘domdb’ [143]. PhenoMeter, is a metabolomics database search server that accepts metabolite 19 
response patterns as queries and searches the MetaPhen database of reference patterns for 20 
statistically significantly patterns towards deciphering functional links, where the assigned 21 
PhenoMeter Score (PM Score), as a function of both Pearson correlation and Fisher’s exact test 22 
of directional overlap, reveals insights on environmental and genetic perturbations in the 23 
metabolome [144]. Exposome is defined as the totality of all human environmental exposures 24 
from conception to death. The Toxin-Toxin-Target Database (T3DB), designed to capture 25 
information about the toxic exposome [145], includes compounds (>3600), targets (>2000) and 26 
gene expression datasets (>15 000 genes), chemical ontologies, and a large number of referential 27 
NMR, MS/MS and GC-MS spectra of human exposome. SwissLipids provides curated 28 
knowledge of lipid structures and metabolism used to generate an in silico library of feasible 29 
lipid structures [146]. A hierarchical classification links MS analytical outputs to all possible 30 
lipid structures, metabolic reactions, and enzymes and provides a reference namespace for 31 
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lipidomic data publication, data exploration, and hypothesis generation. The present version 1 
contains ~244 000 known and theoretically possible lipid structures, ~800 proteins, and curated 2 
links ~620 published peer-reviewed publications.  3 
 4 
 5 
6.2 Databases and tools for metabolomics data management, archiving, and sharing  6 
For metabolomics-scale, ‘big data’ handling, dissemination, and archiving, although the 7 
role of GigaDB [147], the European COordination of Standards in MetabOlomicS (COSMOS) 8 
consortium [148], and MetaboLights [149] as front runners is well known. MetaboLights is the 9 
first comprehensive, cross-species, cross-platform metabolomics database that can hold complete 10 
metabolomics experiments. Since its launch, more of such repositories were launched, i.e., the 11 
Metabolomics Workbench [150], and the MetabolomeXchange [151] website was created to 12 
provide an overview. The available datasets [152] can now serve as a benchmark for direct-13 
infusion MS (DIMS) metabolomics, which were derived using best-practice workflows and 14 
rigorous quality assessments. In addition, the Investigation/ Study/ Design (ISA) ISA-Tab format 15 
is a metadata standard that has gained a lot of momentum since first being released in 2008. It is 16 
a source metadata tracking framework that facilitates standards-compliant collection, curation, 17 
visualization, storage, and sharing of datasets for analysis and publication [153]. Recently, 18 
linkedISA [154] for the semantic interoperability and the Risa package [155] that supports the 19 
ISA format by integration with R have extended the way MS-based metabolomics data sets are 20 
handled for meeting the metabolomics standards initiative (MSI) [156-160]. Metabolonote is a 21 
wiki-based database for managing hierarchical metadata of metabolome analyses [161], wherein 22 
the Togo Metabolome Data (TogoMD) data format was introduced with an ID system that is 23 
required for unique access to each level of the tree-structured metadata, such as study purpose, 24 
sample, analytical method, and data analysis. Presently, Metabolonote houses 808 metadata 25 
obtained from 35 biological species. KOMICS (The Kazusa Metabolomics Portal) consists of 26 
free tools and databases for preprocessing, mining, visualization, and publication of 27 
metabolomics data [162], and is strengthened with additional tools, i.e., PowerGet and 28 
FragmentAlign for manual curation function for the results of metabolite feature alignments. 29 
MetaDB is an open-source web application for metabolomics metadata management and data 30 
processing where the analysis of untargeted data is done using the R package MetaMS [163, 31 
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164]. Laboratory Information Management System (LIMS) has changed the way research and 1 
development, data generation and archiving, and project management are perceived presently. 2 
Quality and TRacEability Data System (QTREDS) is a software platform written in the Ruby 3 
programming language and developed using the Rails framework with visualizations that are 4 
JavaScript based and is freely available to academic users for management of ‘omics’ 5 
laboratories [165]. In addition, MASTR-MS, developed by Metabolomics Australia and 6 
Australian Bioinformatics Facility as part of the Bioplatforms Australia national initiative, is an 7 
online LIMS solution for metabolomics that manages researchers’ needs, from experimental 8 
design to the capture and management of raw and processed data of metabolomics experiments 9 
[166, 167]. Similarly, Yabi is a software system that is adaptable to a range of execution and data 10 
environments in an open source implementation, and it provides an analysis workflow 11 
environment that can create and reuse workflows for a range of applications in metabolomics 12 
including quality assessment and statistical analyses [168, 169].  13 
 14 
6.3 Others tools relevant to metabolomics databases and libraries 15 
Currently, ProteoWizard library [170] includes the msConvert tool which is able to read 16 
data files from different mass spectrometers and convert them into open data formats that can be 17 
used to store and exchange MS data. The file format mzTAB is a standard flexible, tab-delimited 18 
format proposed by Proteomics Standards Initiative (PSI) which can capture identification and 19 
quantification results coming from MS-based proteomics [171], and may have scopes for 20 
application in metabolomics approaches. An open-source Java application programming 21 
interface for mzTab, i.e., jmzTab [172] is integrated and used in LipidDataAnalyzer [173]. 22 
pyOpenMS is an open-source, Python-based interface to the C++ OpenMS library, providing 23 
access to a feature-rich, open-source algorithm library for MS-based analysis by allowing access 24 
to the data structures and algorithms implemented in OpenMS, specifically those for file access 25 
(mzXML, mzML, TraML, mzIdentML etc.), basic signal processing (smoothing, filtering, de-26 
isotoping, and peak-picking) and complex data analysis for proteomics applications [174].  27 
PolySearch2 is an online text-mining system for exploring relationships between 28 
biomedical entities such as human diseases, genes, SNPs, proteins, drugs, metabolites, toxins, 29 
metabolic pathways, organs, tissues, subcellular organelles, positive health effects, negative 30 
health effects, drug actions, Gene Ontology terms, MeSH terms, ICD-10 medical codes, 31 
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biological taxonomies, and chemical taxonomies [175]. To aid in spectral visualization from MS, 1 
IR and NMR, SpeckTackle, a custom-tailored cross-browser compatible JavaScript charting 2 
library for spectroscopy was developed [176]. BioMet Toolbox 2.0 enables the user to work with 3 
biological data in a web user interface using tools for constructing metabolic pathways and other 4 
omics datasets [177]. 5 
In addition, MS-imaging technology is upcoming and the number of tools that can handle 6 
imaging data is rising, for example for plant metabolomics [178]. Metabolite Imager is a free, 7 
Java-based metabolomics application that enables customized analysis and visualization of the 8 
metabolite distributions in tissues acquired through MS-based imaging approaches [179]. 9 
Metabolite Imager algorithms perform customized targeted searching of metabolites through 10 
user-defined and publicly-available databases, enabling the analysis of spatial distributions of 11 
large metabolite numbers in tissue sections. Metabolite Imager’s automated, 2D image generator 12 
functionality has several customizable features for producing HR images. To assist in Matrix 13 
Assisted Laser Desorption Ionization-Imaging Mass Spectrometry (MALDI-IMS) based 14 
metabolomics data acquisition for obtaining spatial distribution of molecules in samples, an 15 
algorithm, EXIMS, was used [180]. An unsupervised algorithm uses Sliding Window 16 
Normalization (SWN) and a new spatial distribution based peak picking method developed based 17 
on Gray level Co-Occurrence (GCO) matrices, followed by clustering of metabolites to extract 18 
features from molecular images as shown for a proof-of-concept metabolomics dataset of a 19 
Eucalyptus sps. leaf extracts. In addition, the algorithm was shown to be performing better than 20 
the existent ones, as well as applicable to proteomics-based imaging.  21 
 22 
7. GC-MS-based tools 23 
During this period, several important tools have surfaced to aid in the analysis and 24 
interpretation of GC-MS-based metabolomics data. Nonetheless, compared to LC-MS-based 25 
tools, their numbers seem to be fewer. For instance, Maui-VIA allows users to process, inspect, 26 
and correct large numbers of GC–MS samples, and provides functionalities for retention index 27 
calculation, targeted library search, visual annotation, alignment, correction interface, and 28 
metabolite quantification [181]. Another recent study showed the capability of orthogonal signal 29 
deconvolution (OSD), a novel algorithm based on blind source separation, to extract the spectra 30 
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of compounds appearing in comprehensive gas chromatography - MS (GC x GC-MS) analyses 1 
for metabolomics applications [182].  2 
MetaMS (available in Bioconductor) is an open-source software written in R based on 3 
XCMS [163] and CAMERA [183] pipelines for untargeted metabolomics for GC–MS and relies 4 
on the estimation of relative concentrations of compounds and metabolite identification using in-5 
house databases [163], thus promising immense benefit for untargeted metabolomics by allowing 6 
screening of in-house databases of chemical standards. PScore is a platform independent package 7 
that scores peaks based on their likelihood of representing metabolites defined in a MS library, 8 
and is implemented in an R package called MetaBox [184]. This package allows reliable 9 
identification and quantification of metabolites analyzed by GC-MS. BiPACE 2D, available with 10 
the Maltcms framework, is an automated algorithm for retention time alignment of peaks from 11 
2D GC-MS experiments and evaluates them on published datasets using the mSPA, SWPA, and 12 
Guineu algorithms [185]. When compared with AMDIS (Automated Mass Spectral 13 
Deconvolution and Identification System), MetaBox reported lower percentages of false 14 
positives and false negatives in a volatile organic compound analysis. The tools discussed above 15 
are provided in Table 1.  16 
  17 
8. NMR-based tools  18 
 NMR spectroscopy is routinely applied for metabolomics applications without 19 
purification, where overlapping NMR peaks offer tremendous challenges for the comprehensive 20 
and accurate identification of metabolites. In addition, the application of NMR in metabolomics 21 
is delimited by its inherent low sensitivity. Given the role of NMR in unknown discovery and 22 
structural elucidation, it is imperative to address the growth of NMR-based metabolomics tools 23 
in a dedicated section. As observed for MS-based metabolomics, spectral annotation and 24 
assignment of NMR data remains a major challenge as well. To this end, pattern recognition 25 
based approaches such as the automated assignment method were developed, based on matching 26 
the pattern of peaks in the spectrum rather than absolute tolerance thresholds using a 27 
combination of geometric hashing and similarity scoring techniques, rely on spectral calibration 28 
using internal or external standards [186]. Tests using 719 metabolites in the HMDB correctly 29 
annotated 100% of the metabolites in a spectrum, even under poor data conditions such as 50% 30 
missing peaks, large deviations in chemical shifts, and overwhelming data redundancy. ‘Focus’ 31 
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is an integrated, open-source software program that provides a complete data analysis workflow 1 
for 1D NMR-based metabolomics [187]. Focus allows users to obtain a NMR peak feature 2 
matrix and metabolite identification scores, whereas a new spectral alignment algorithm, 3 
RUNAS, allows peak alignment without a reference spectrum. Normalization of the Bayesian 4 
automated metabolite analyzer for NMR (BATMAN) is an R package, which performs 5 
automated metabolite deconvolution and quantification from complex NMR spectra, aiding in 6 
analyses of a large numbers of spectra [188].  7 
Nonetheless, identification becomes cumbersome in case of samples carrying mixtures of 8 
unknown origin. Metabnorm is another tool utilizing a normalization approach based on a mixed 9 
model, with simultaneous estimation of a correlation matrix for NMR-based metabolomics data 10 
[189]. Bayesil is an online tool that can determine a metabolic profile, for example from 1D 1H 11 
NMR spectrum of a complex biofluid, without any human guidance [190]. Bayesil performs all 12 
of the required spectral processing steps (i.e., Fourier transformation, phasing, solvent-removal, 13 
chemical shift referencing, baseline correction, line shape convolution), followed by matching 14 
the resulting spectrum against a reference compound library that contains the signatures of 15 
individual metabolites (Figure 4). SENECA is a package for Computer Assisted Structure 16 
Elucidation (CASE) of organic molecules that uses 1D and 2D NMR spectroscopy for the CASE 17 
process, aiding in spectroscopically underdetermined structure elucidation problems and in new 18 
feature prediction, based on natural product-likeness, allowing better ranking of the correct 19 
structure prediction [191]. Complex Mixture Analysis by NMR (COLMAR) is a database and 20 
query algorithm for the analysis of 13C–1H HSQC spectra that unifies NMR spectroscopic 21 
information on ~555 metabolites from both the Biological Magnetic Resonance Data Bank 22 
(BMRB) and HMDB [192]. Similarly, 1H(13C)-TOCCATA is a customized database containing 23 
complete 1H and 13C chemical shift information on individual spin systems and isomeric states of 24 
common metabolites as they directly correspond to cross sections of 2D 1H–1H TOCSY and 25 
2D 13C–1H HSQC-TOCSY spectra, allowing the straightforward and unambiguous identification 26 
of metabolites of complex metabolic mixtures based on a collection of ~455 metabolites [193]. 27 
The mQTL.NMR package (available at Bioconductor), written in R, aids in NMR-based, 28 
untargeted metabolomic data processing, quantitative analysis, and genetic mapping [194]. The 29 
package performs preprocessing of collinear NMR data sets to reduce the multiple testing 30 
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burden, generates accurate mQTL mapping in human and rodent models, statistically improves 1 
structural assignment of genetically determined metabolites, and illustrates data with 2 
visualization tools.  3 
MVAPACK is an open-source platform for complete NMR metabolomics data handling 4 
which aids users in loading and visualization, phasing and referencing, binning, alignment, and 5 
multivariate statistical analyses for NMR-based metabolomics data sets [195]. During the 6 
revision of this compilation, the release of another interesting tool, ChemoSpec [196] was 7 
observed, which is available to metabolomics researchers for exploratory chemometrics for 8 
spectroscopy-generated metabolomics datasets such as NMR, infrared or Raman spectroscopes 9 
for spectral inspection and alignment, HCA, and PCA analyses, as well as for finer analysis such 10 
as statistical total correlation spectroscopy (STOCSY) analysis.  11 
Another novel approach called ‘NMR/MS Translator’ is a fully automated approach that 12 
synergistically combines the power of NMR and MS, with enhanced accuracy and efficiency for 13 
the identification of metabolites [197]. In this approach, metabolite candidates are identified 14 
from 1D or 2D NMR spectra by NMR database query, followed by the determination of the 15 
masses (m/z) of their possible ions, adducts, fragments, and isotope distributions. Common 16 
metabolites are identified by comparing the MS1 spectrum to NMR spectra with enhanced 17 
confidence, and a validation of the NMR-derived metabolites as was shown for the urine 18 
metabolome in this proof-of-concept study. Recently, two-dimensional 13C-13C correlation 19 
experiments like INADEQUATE (incredible natural abundance double quantum transfer 20 
experiment) have been proposed for structural elucidation of natural products and metabolomics 21 
analysis [198]. In addition, a semi-automated approach called INETA (INADEQUATE network 22 
analysis) for the untargeted analysis of INADEQUATE data sets using an in 23 
silico INADEQUATE database was demonstrated using isotopically labeled Caenorhabditis 24 
elegans mixtures as a proof-of-concept study. The tools discussed above are listed in Table 1. 25 
 26 
9. Multifunctional tools 27 
Workflows that are free, web-based, user friendly, and provide holistic solutions in terms 28 
of data processing, annotation, and statistical analyses, followed by biological interpretation, are 29 
growing in popularity. In this review, we term the tool multifunctional if a user can enter these 30 
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software suites with raw data (or mzML/mzXML) files and run through all the necessary 1 
processing, statistical, annotation, and pathway mapping steps using just a few clicks of the 2 
mouse and some basic knowledge about the steps for decision making out of the available 3 
options. It is noteworthy that many of these tools can handle different types of omics data, 4 
though LC-MS type of data is the most accepted one. 5 
 An updated MetaboAnalyst, version 3.0 [199], a popular web server available for 6 
comprehensive metabolomic data analysis, visualization, and interpretation, was released with 7 
improved visualization, performance, capacity, user interactivity, and added modules for 8 
biomarker analysis, power analysis for improved planning of metabolomics studies, and 9 
integrative pathway analysis for both genes and metabolites [200]. XCMS Online, developed by 10 
Scripps Center for Metabolomics and Mass Spectrometry (http://masspec.scripps.edu/), is a 11 
cloud-based informatics platform designed to process and visualize mass-spectrometry-based, 12 
untargeted metabolomic data for dependent (paired), two-group comparisons, meta-analysis, and 13 
multigroup comparisons, with comprehensive statistical outputs and interactive uni- and multi-14 
variate visualization tools (cloud and PCA plots) in real time by adjusting the threshold and 15 
range of various parameters [201]. Furthermore, autonomous metabolomic workflows were 16 
established for combining MS analysis with MS/MS data acquisition [202] and were designed to 17 
allow for simultaneous data processing and metabolite characterization using combined 18 
resources XCMS and METLIN [58, 59, 135].  19 
Mass++, available from MassBank is a plug-in style visualization and analysis tool for 20 
MS-based metabolomics with a huge number of plug-ins for visualization, data pre-processing, 21 
and annotation of data sets [203]. The plug-ins support all major vendors’ raw data formats in an 22 
interchangeable manner and work as both a desktop tool and a software development platform. 23 
Original functions can be developed without editing the Mass++ source code. The author finds 24 
that particular potential and usefulness of Mass++ in metabolomics is owed to its versatility in 25 
handling file formats in a vendor-independent manner and its ability to interconvert file formats, 26 
visualizations, and press-button annotations at MassBank. Along with providing access to label-27 
free quantitation in metabolomics, this freely available tool also holds potential in proteomics. 28 
Nevertheless, its application for handling of metabolomics data sets in the truest sense--in terms 29 
of publications, remains to be seen.  30 
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 MASSyPup is complemented with programs for conversion, visualization, and analysis 1 
of LC-MS/MS-based metabolomics data for metabolomics applications for detection, 2 
identification, and quantification of compounds, and statistical analyses [204]. MetaboNexus is 3 
an interactive metabolomics data analysis platform that integrates pre-processing of raw peak 4 
data with in-depth statistical analysis and metabolite identity searching [205]. MetaboNexus 5 
allows users to conduct PCA, PLS-DA, other multi- and univariate analyses 6 
(e.g., t test, ANOVA, Mann–Whitney U test, and Kruskal-Wallis test). In addition it generates 7 
graphical outputs, such as score, diagnostic, box, receiver operating characteristic plots, and heat 8 
maps, while the metabolite search function uses three major metabolite repositories, HMDB, 9 
MassBank and METLIN, using a comprehensive range of molecular adducts. MetaboLyzer is a 10 
statistical analysis workflow that handles post-processed LC-MS-based metabolomic data sets 11 
and performs a wide range of statistical tests, procedures, and methodologies, in addition to rapid 12 
feature identification and biologically relevant analysis via incorporation of four major small 13 
molecule databases: KEGG, HMDB, Lipid Maps, and BioCyc [206]. In addition, MetaboLyzer 14 
generates heat maps, volcano plots, 3D visualization plots, correlation maps, and metabolic 15 
pathway hit histograms.  16 
Developed and maintained by the French Bioinformatics Institute (IFB) and the French 17 
Metabolomics and Fluxomics Infrastructure (MetaboHUB), Workflow4Metabolomics (W4M) 18 
helps users develop complete workflows for data pre-processing, statistical analysis, and 19 
annotation [207]. W4M is an open-source and collaborative online platform for computational 20 
metabolomics that is built upon Galaxy and is downloadable as a virtual machine for local 21 
installation. Haystack is another online tool for rapid processing and analysis of LC-MS-based 22 
metabolomics data and is designed to visualize, parse, filter, and extract significant features 23 
[208]. In addition, Haystack predicts class assignment based on PCA and cluster analysis and 24 
identifies discriminatory features based on analysis of extracted ion chromatograms (EICs) of 25 
binned mass data.  26 
ALLocator is a web-platform for the analysis of LC-ESI-MS experiments which covers 27 
the workflow from raw data processing to metabolite identification [209]. This web-platform is 28 
especially useful for stable isotopic labeling (SIL) experiments and datasets in which analytes are 29 
mostly represented by several adducts and neutral losses. The integrated processing pipeline for 30 
spectra deconvolution, ALLocatorSD, generates pseudo-spectra and, in SIL experiments, can 31 
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automatically identify peaks emerging from U-13C-labeled internal standard. ALLocator is 1 
unique in its variety of interactive functions for manual curation of peak annotations that go hand 2 
in hand with automated tools. It is lacking statistical analysis tools by itself, but provides 3 
exporting functions for raw and annotated peak tables. MeKO database and software suite 4 
provides a platform for evaluation of whether a mutation affects metabolism during normal plant 5 
growth and contains images of mutants from the GC-MS data sets, data on differences in 6 
metabolite accumulation, and a host of interactive statistical analysis tools (Figure 5) [210]. 7 
MassCascade is an open-source library for LC-MS data processing where the available functions 8 
have been encapsulated in a plug-in for the workflow environment Konstanz Information Miner 9 
(KNIME), allowing combined use with others statistical workflow nodes [211]. The tools 10 
discussed above are listed in Table 1. 11 
 12 
10. Limitations of current tools and future directions for metabolomics software 13 
The metabolomics research community witnessed the upcoming of a plethora of tools and 14 
resources, which the authors do applaud; however, it comes with a price. Currently, many tools 15 
are not widely used, and several initiatives by different groups tackle the same challenges 16 
described above. This also related to harmonization and standardization of metabolomics 17 
experiments and data analysis. For example, if different tools would be able to ‘communicate 18 
with each other’, i.e., have a modular structure where the input and output is in standardized 19 
formats, then researchers would be able to build their optimal workflow from the available tools. 20 
Another point of attention is the different pre-knowledge and dependencies all these tools 21 
require. Here below, we describe some of these aspects in more detail. 22 
 The metabolomics tools described in this review were written in different coding 23 
languages, each with their own advantages and disadvantages, and using different packages, for 24 
example to plot the data on the computer screen. As a result, not all tools are compatible with all 25 
operating systems – e.g., some can only be used on Windows operated computers. Furthermore, 26 
not all tools will easily ‘talk’ to each other; though working interfaces are upcoming. In Table 1, 27 
we attempted to note the computational dependencies of the metabolomics tools to make the 28 
scientist aware of the underlying frameworks these tools use.  29 
A vast majority of the metabolomics tools described above are either written in C, C++, 30 
Java, R, Python and MATLAB, while others are far more user friendly with MS Windows OS 31 
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compatibility, access from a web server, or by standalone interfaces. For a given programming 1 
problem, “scripting languages” (i.e., Perl, Python) can be more productive than conventional 2 
languages, and for run time and memory consumption, they are better than Java and C/ C++ 3 
[212]. In general, the differences between languages tend to be smaller than the typical 4 
differences due to different programmers (individuals) within the same language, although no 5 
unambiguous differences in program reliability between the language groups were observed 6 
[213]. There is inherent difficulty in integrating MATLAB programs with other software, 7 
although tools do exist to address these issues in the system biology context [214]. The 8 
comparison of six commonly used programming languages for bioinformatics indicated that a 9 
developer should choose an appropriate language carefully, taking into account the performance 10 
expected and the library availability for each language [215]. The R Project for Statistical 11 
Computing is a freely available software environment [216] that provides a variety of 12 
multivariate data analysis and visualization methods and packages. Despite its power, the 13 
command-line interface of R is a barrier to its broader use [217]. Additionally, user friendliness, 14 
dynamic graphical user interfaces, and less-demanding programming skills would enable ‘any’ 15 
beginner in metabolomics to find the tools immensely useful. For instance, the user friendliness 16 
and popularity of Cytoscape, BioGPS, and DAVID for data visualization, integration, and 17 
functional enrichment, and the usefulness of Taverna, Kepler, GenePattern, and Galaxy as open-18 
access workbenches for bioinformatics workflows are well known [218]. Undoubtedly, the 19 
majority of the tools described in this review are R-programming based (with MATLAB and 20 
Java-based tools following-up), implying the growing popularity of the package over Pearl, 21 
Python and C++. They also have GUIs which work on the convenient Windows-based platforms, 22 
or are simply web-based with user friendliness.  23 
Tools come with heterogeneous features, differential input-output behavior, and variable 24 
user interfaces for the majority of tools and resources which still is the major bottleneck for 25 
experts and others. To this end, common interfaces, integrated tools, and workflow-based 26 
solutions are gaining interest in the community. We expect that open-source software, Cloud-27 
based tools, frameworks, and libraries will become fundamental to the robust analysis and 28 
interpretation of metabolomics data, and that the lack of thorough documentation of some tools 29 
will result in limited reuse of the software [4]. Large-scale and confident identifications of 30 
metabolites, supporting large computational infrastructures, reliable metabolomics databases, 31 
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increasing data accessibility and data comparability, integration with other omics, improving 1 
sensitivity, dynamic range, and depth-of-coverage, reducing costs, standardization of 2 
metabolomics workflows, large scale flux analyses, and metabolite interactions are pertinent 3 
issues that have a telling effect on current status of metabolomics research; which is clearly 4 
visible by the development of numerous tools to tackle these challenges. In addition, issues that 5 
are beyond the scope of this review, such as analytical platform used, metabolite abundances, 6 
chromatography, samples, and matrix effects, are reasons which can make great tools behave 7 
poorly and unexplainably. One way to create consensus among different laboratories is 8 
conducting inter-laboratory studies, for example resulting in ‘retention projection’ approaches in 9 
both LC-MS and GC-MS studies across multiple laboratories [219, 220].  10 
 Easier and smoother public sharing of metabolomics data sets, generated from studies 11 
ranging from rare types of cancers to near-extinct human populations to hazardous specimens 12 
and sensitive epidemiological studies, is needed among other users and collaborators; public 13 
domain remains a critical challenge, as discussed at several platforms. Resolving the need for 14 
huge repositories across nations, funding agencies, locations, laboratories, and PIs are some of 15 
the current challenges limiting better data sharing and collective efforts in annotation, archiving, 16 
and biological interpretation. There is an ever increasing demand for high-performance 17 
bioinformatics solutions that can help to address the various data processing and data 18 
interpretation challenges in metabolomics. And challenges remain in our ability to discern true 19 
hits from noise. However, preceding the development of more tools and resources, 20 
informaticians and computational biologists need to consider the ease of use and an 21 
uncomplicated user interface, while the analytical chemists and mass-spectrometrists/ 22 
spectroscopists need to validate the true robustness and applicability of these tools before they 23 
can be widely accepted by the metabolomics community and gain popularity. The critical needs 24 
of the hour are to reduce the data processing time from hours to minutes (if not seconds), 25 
facilitate creation of robust annotation tools and databases, identify the unknown compounds 26 
across multiple platforms, and develop more multifunctional tools which would allow a user to 27 
start with raw data and end up with biologically meaningful results. Most tools described in this 28 
review can give us a good idea of the molecular species one is dealing with, and they are often 29 
successful in identifying known and common metabolites. However, the problem with all these 30 
approaches is the difficulty or inability to identify the ‘unknown unknowns’. Many of the 31 
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dedicated databases are limited to a few hundreds of metabolites, whereas there are potentially 1 
thousands of metabolites in samples of biological origin, and different packages often lead to 2 
identification of different metabolites being identified from the same sets of samples. Many tools 3 
have multiple settings that are not properly reported or hardly explained, so that depending on 4 
the settings, one can get a vastly different set of metabolites even within the same software 5 
package for the same data (i.e., user bias). The need is for identification of metabolites in an 6 
unbiased and standardized manner, and the software packages, particularly those that are not 7 
commercial, need to be better documented and tested. In an attempt to address this issue, 8 
quantitative and alphanumeric metabolite identification metrics were recently introduced [221] to 9 
achieve higher confidence with metabolite identification approaches [222]. Additionally, 10 
although commercial pipelines are accumulating and becoming available to the global 11 
metabolomics research community, for resource-limited laboratories, inexpensive freeware is 12 
crucial to progress wide-scale metabolomics research without monetary hindrances. It is 13 
expected, then, that community-driven, open-source projects in MS will be the future of 14 
metabolomics resource development. It remains to be seen if the above discussed tools will be 15 
able to meet the challenges of processing datasets produced by next-generation, mass 16 
spectrometry instruments, such as SWATH-MS, Orbitraps, ion-mobility MS, GC-Orbitraps, and 17 
myriads of Quadruples helping achieve greater sensitivity and resolution, and survive the test of 18 
time. One the one hand, this myriad of tools undoubtedly helps scientist to find the most robust 19 
tools to analyze metabolomics data; on the other hand, one could argue that standardization of 20 
metabolomics workflows to enhance robust biomarker findings is hampered by this ‘explosion’ 21 
of tools. Open-access data and access to the source codes of tools will hopefully help to come to 22 
a more modular manner of building metabolomics workflows such that all groups can use the 23 
best tools available for their data sets. 24 
Finally, alongside these metabolomics analysis tools, metabolic flux analysis tools have 25 
also developed during this period, such as Central Carbon Metabolic Flux Database (CeCaFDB), 26 
for documentation, visualization, and comparative analysis of the quantitative flux results of 27 
central carbon metabolism in microbes and animal cells [223]. MetDFBA [224] is a tool for 28 
time-resolved metabolomics measurements into dynamic flux balance analysis while 29 
thermodynamic elementary flux modes (tEFMA) [225] uses the cellular metabolome to avoid the 30 
enumeration of thermodynamically infeasible EFMs, helping in analysis of large-scale metabolic 31 
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networks. In addition, Omix Light Edition [226] is an integrated software framework with about 1 
30 modules for graphical modeling, interactive model exploration, and data analysis for all 2 
aspects of 13C-metabolic flux analysis [227], but were not covered in this treatise for space 3 
constraints. However, alongside metabolomics tools, the fluxomics tools are certainly going to 4 
play critical role in systems biology understanding of organisms in the future.  5 
 6 
11. Conclusions 7 
The vast majority of the tools that have arisen during this period have focused on the 8 
handling, processing, annotation, visualization, and statistical analyses of MS-based 9 
metabolomics, as compared to NMR-based, metabolomics datasets. From the above enumeration 10 
of tools, software, and resources, it is clearly discernible that, among the steps involved in data 11 
collection and analysis, the major bottlenecks are in data processing/ handling and metabolite 12 
annotations, for which the number of resources and tools available are growing at the fastest 13 
pace. Some additional resources in terms of advances in analytical techniques, multi-platforms 14 
data integration, data processing, and quantitative and qualitative analysis of metabolites are 15 
available [228]. Systems biology approaches provide meaningful insights into the genotype-16 
phenotype relationship, where multi-omics data generated from genome, transcriptome, 17 
proteome, metabolome, and mathematical models are expected to integrate and expand our 18 
current understanding of organismal behavior and metabolism. Even so, based on just the 19 
number of tools reviewed for each category, it can be safely claimed that metabolite ‘annotation’ 20 
is still the major bottle-neck in metabolomics research. As metabolomics is a rapidly changing 21 
field, we can expect new tools to replace the recently developed and existing ones rapidly, as 22 
well. However, the ones described here are intended to help the metabolomics community to 23 
explore the resources and tools available now and use them to address basic to complex 24 
metabolomics challenges. Metabolomics continues to flourish [9], and this compilation of 25 
resources will hopefully help to keep us on track and up to date with the most recent significant 26 
developments in this big data era and help to keep us moving forward.  27 
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aided mapping of structural (Tanimoto - yellow edges) and biochemical (KEGG - blue edges) 29 
functions of the metabolites helps the visualization of metabolite-metabolite networks.  30 
 31 
Page 58 of 68ELECTROPHORESIS
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
For Peer Review
59 
 
Figure 2. A. RepExplore analysis of metabolomics data sets from A. thaliana mutant and wild 1 
type showing bar plots; and B. a heat map of the same study; and C. Typical output obtained 2 
using the Normalyzer tool for metabolomics data sets using 100 samples (n=4 biological 3 
replicates) each with 300 metabolites and all available normalization methods. 4 
 5 
Figure 3. The MzCloud tool for MS/MS data annotation. The example shows the MS1 spectrum 6 
for ‘mannitol’ and its spectral tree down to the MS4 level.  7 
 8 
Figure 4. Bayesil analysis for NMR-based metabolomics, with: A. Spectra viewer displaying the 9 
processed spectrum (black) and the fit (blue) from filtered serum samples obtained using a 600 10 
MHz Bruker instrument (this corresponds to ‘Example 3’ provided on the Bayesil website); B. 11 
Downloadable .csv file provides the HMDB IDs, compound concentrations, threshold, and 12 
confidence score leading to annotation of metabolomics samples; and C. Bayesil user interface 13 
showing the parameters an user needs to submit for analyses of NMR data.  14 
 15 
Figure 5. MeKO tool at RIKEN PRIMe web server provides tools for statistical and visual 16 
interpretation of metabolomics datasets. Shown is the heat map clustering of metabolomic data 17 
for Arabidopsis thaliana obtained from a gas chromatography-time-of-flight/mass spectrometry 18 
(GC-TOF/MS).  19 
 20 
Table Legends:  21 
 22 
 23 
Table 1. Table enlisting the metabolomics tools and resources developed during the period 2014-24 
15, consisting of the name, and displaying their platform dependencies in terms of analytical input 25 
and computational dependencies, web address (URL), and their reference if available. 26 
Abbreviations used: Any: input data from different kinds of analytical platforms, GC: gas 27 
chromatography, Internet: tool running on server and assessable by online access, LC: liquid 28 
chromatography, MS: mass spectrometry, MS/MS: mass spectrometry fragmentation, NMR: 29 
nuclear magnetic resonance spectroscopy, R: R package, UV-DAD: ultraviolet diode array 30 
detection, - : not applicable/available. 31 
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Table 1. Table enlisting the metabolomics tools and resources developed during the period 2014-15, consisting of the name, and displaying their 
platform dependencies in terms of analytical input and computational dependencies, web address (URL), and their reference if available. 
Abbreviations used: Any: input data from different kinds of analytical platforms, GC: gas chromatography, Internet: tool running on server and 
assessable by online access, LC: liquid chromatography, MS: mass spectrometry, MS/MS: mass spectrometry fragmentation, NMR: nuclear 
magnetic resonance spectroscopy, R: R package, UV-DAD: ultraviolet diode array detection, - : not applicable/available. 
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Name  Platform Dependencies URL Reference 
  Analytical Input Computational   
Data handling and preprocessing tools 
MetMSLine  LC-MS R http://wmbedmands.github.io/MetMSLine/  17 
MRM-DIFF  LC-MS Windows http://prime.psc.riken.jp/ 20 
MRMPROBS  LC-MS Windows http://prime.psc.riken.jp/ 21 
FragPred  MS R http://pattilab.wustl.edu/software/FragPred/index.php  23 
MUSCLE  LC-MS C++ http://www.muscleproject.org/ 24 
IsoMS  LC-MS R, Windows www.mycompoundid.org/IsoMS 25 
MyCompoundID.org  MS Internet http://mycompoundid.org/ 26 
IsoMS Quant  LC-MS R, Windows www.mycompoundid.org/IsoMS 27 
isoMETLIN  MS/MS Internet http://isometlin.scripps.edu/ 28 
IPO  LC-MS R https://github.com/glibiseller/IPO 30 
Massifquant/ Optimize-it  MS Bioconductor https://github.com/topherconley/optimize-it  31 
intCor  LC-MS R http://b2slab.upc.edu/software-and-downloads/intensity-drift-correction/ 37 
Peak-group-alignment  LC-MS R https://github.com/joewandy/peak-grouping-alignment 38 
Parametric time warping  LC-MS, LC-UV-DAD R https://github.com/rwehrens/ptw  42 
PeakANOVA  LC-MS R http://research.ics.aalto.fi/mi/software/peakANOVA/  43 
MSPrep  MS R http://sourceforge.net/projects/msprep/ 53 
Statistical tools 
DeviumWeb  Any R, Internet https://github.com/dgrapov/DeviumWeb  47 
EigenMS  MS R, Matlab http://sourceforge.net/projects/eigenms/ 50 
RepExplore  Any Internet http://www.repexplore.tk 51 
Normalyzer  Any Internet http://quantitativeproteomics.org/normalyzer 52 
BioStatFlow  Any Internet http://biostatflow.org/ - 
Annotation tools 
POCHEMON  LC-MS Matlab http://www.ru.nl/science/analyticalchemistry/research/software/ 54 
BioSM  MS/MS Java http://metabolomics.pharm.uconn.edu 61 
BioSMXpress  - - http://engr.uconn.edu/~rajasek/BioSMXpress.zip 62 
CFM-ID  ESI-MS/MS Internet http://cfmid.wishartlab.com/ 64 
GS-align  - C++ http://www.glycanstructure.org/gsalign 66 
Cosmiq  LC-MS, GC-MS R http://www.bioconductor.org/packages/release/bioc/html/ cosmiq.html 67 
Feature Credential  MS/MS R http://pattilab.wustl.edu/software/credential/ 68 
HAMMER  MS/MS Java, Python http://www.biosciences-labs.bham.ac.uk/viant/hammer/) 70 
HR3  LC-MS, GC-MS Windows www.metalign.nl 71 
LipidPro  MS/MS Windows http://www.neurogenetics. biozentrum.uni-
wuerzburg.de/en/project/services/lipidpro/ 
72 
MAGMa  MS/MS Java https://www.emetabolomics.org/  74 
MAIT   MS R http://b2slab.upc.edu/software-and-downloads/metabolite-automatic-
identification-toolkit/  
76 
Metabolome searcher  - Internet http://procyc.westcent.usu.edu/cgi-bin/MetaboSearcher.cgi 77 
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MET-COFEA  LC-MS Windows http://bioinfo.noble.org/ manuscript-support/met-cofea/ 78 
MetAssign  LC-MS Java http://mzmatch.sourceforge.net/MetAssign.php  79 
MS2Analyzer  MS/MS Java http://fiehnlab.ucdavis.edu/projects/MS2Analyzer/ 80 
MIDAS  MS/MS Internet http://midas.omicsbio.org 81 
mzCloud  MS/MS Internet https://www.mzcloud.org/  82 
MS-DIAL  LC-MS Windows http://prime.psc.riken.jp/ 88 
mzGroupAnalyzer  LC-MS Matlab http://www.univie.ac.at/mosys/software.html 90 
ProbMetab  LC-MS R http://labpib.fmrp.usp.br/methods/probmetab/ 91 
RAMClustR  MS/MS R https://github.com/cbroeckl/RAMClustR 92 
Pathway and networks analysis, and biological interpretation tools   
PathCaseMAW  Any Internet http://nashua.case.edu/PathwaysMAW/Web 55 
MINE  - Java, Perl, Python http://minedatabase.mcs.anl.gov/#/home  83 
PathWhiz  - Internet http://smpdb.ca/pathwhiz 95 
TrackSM  MS/MS Matlab http://metabolomics.pharm.uconn.edu/?q=Software.html 96 
MarVis-Suite  Any Java http://marvis.gobics.de 97 
InCroMAP  Any Java http://www.cogsys.cs.uni-tuebingen.de/software/InCroMAP 98 
iPEAP  Any Windows, Java, R http://www.tongji.edu.cn/~qiliu/ipeap.html  99 
kpath  Any Internet http://browser.kpath.khaos.uma.es/ 100 
Pathomx  Any Python, Matlab, R http://pathomx.org/ 101 
MetaMapR  Any R, Internet http://dgrapov.github.io/MetaMapR/ 105 
Metabnet  LC-MS R https://sourceforge.net/projects/metabnet/  111 
MetaNET  Any Galaxy http://metanet.osdd.net 121 
Funrich  - Internet http://www.funrich.org/  122 
Network portal  Any Internet http://networks.systemsbiology.net 123 
SimIndex  Any Python http://tyolab.northwestern.edu/tools/  125 
BiNChE  -,, Internet http://www.ebi.ac.uk/chebi/tools/binche/ 126 
PlantSEED  -,, Internet http://bioseed.mcs.anl.gov/~seaver/FIG/seedviewer.cgi?page=PlantSEED 127 
SPICA  LC-MS - http://cmcr.columbia.edu/metabolomics/informaticstools.html 128 
KiMoSys  Any Internet http://kimosys.or 129 
Integrated Interactome 
System 
 Any Internet http://www.lge.ibi.unicamp.br/lnbio/IIS/ 130 
MetaDB  LC-MS, GC-MS R https://github.com/rmylonas/MetaDB  164 
GC-MS-based tools      
MetaMS  GC-MS R http://www.bioconductor.org/packages/release/bioc/html/metaMS.html 163 
Maui-VIA  GC-MS Java http://bimsbstatic.mdc-berlin.de/kempa/software/kempaSoftware.html 181 
PScore  GC-MS R http://raphaelaggio.github.io/ 184 
BiPACE 2D  GC-MS, 2D GC-MS Java http://maltcms.sf.net/  185 
NMR-based Tools   
Focus  NMR MATLAB http://www.urr.cat/FOCUS 187 
Metabnorm  NMR R http://sourceforge.net/projects/metabnorm/  189 
BATMAN  NMR R http://batman.r-forge.r-project.org/ 188 
Bayesil  NMR Internet http://bayesil.ca/ 190 
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 SENECA  NMR Java http://sourceforge.net/projects/seneca/ 191 
COLMAR  NMR Internet http://spin.ccic.ohio-state.edu/index.php/colmar 192 
1
H(
13
C)-TOCCATA  NMR Internet http://spin.ccic.ohio-state.edu/index.php/toccata2/index 193 
mQTL.NMR  NMR R http://www.ican-institute.org/tools/ 194 
MVAPACK  NMR Matlab http://bionmr.unl.edu/mvapack.php 195 
ChemoSpec  NMR R http://cran.r-project.org/web/packages/ChemoSpec/  196 
Library, databases and others   
TAPIR  MS/MS Python https://github.com/msproteomicstools/msproteomicstools 131 
TMDB  - Internet http://pcsb.ahau.edu.cn:8080/TCDB/ 138 
BioPhytMol database  - Internet http://ab-openlab.csir.res.in/biophytmol/ 139 
EssOilDB  - Internet http://nipgr.res.in/Essoildb/ 140 
mVOCs  - Internet http://bioinformatics.charite.de/mvoc 141 
domdb  - SQL https://github.com/joefutrelle/domdb  143 
PhenoMeter  - Internet https://www.metabolome-express.org/phenometer.php  144 
T3DB  - Internet www.t3db.ca  145 
SwissLipids  MS Internet http://www.swisslipids.org/ 146 
Metabolonote  - Internet http://metabolonote.kazusa.or.jp/ 161 
KOMICS  - Internet http://www.kazusa.or.jp/komics/ 162 
QTREDS  - Ruby, Rails http://qtreds.crs4.it  165 
MASTR-MS  - Internet https://mastr-ms.readthedocs.org/en/latest/ 167 
Yabi  - Internet http://ccg.murdoch.edu.au/yabi/ 169 
jmzTab  - - http://mztab.googlecode.com 172 
PolySearch2  - Internet http://polysearch.ca  175 
SpeckTackle  MS/MS, NMR Java https://bitbucket.org/sbeisken/specktackle  176 
BioMet Toolbox 2.0  - Internet http://biomet-toolbox.org/ 177 
Metabolite Imager  - Internet www.metaboliteimager.com 179 
EXIMS  MALDI-MS Matlab http://exims.sourceforge.net/ 180 
Multifunctional tools   
XCMS Online  LC-MS, GC-MS Internet https://xcmsonline.scripps.edu/ 201 
Mass++  LC-MS, GC-MS Java http://www.first-ms3d.jp/english/  203 
MASSyPup  LC-MS, GC-MS Linux http://www.bioprocess.org/massypup 204 
MetaboNexus  Any Windows, Java http://www.sph.nus.edu.sg/index.php/research-services/research-
centres/ceohr/metabonexus 
205 
MetaboLyzer  LC-MS Python https://sites.google.com/a/georgetown.edu/fornace-lab-informatics/home/ 
metabolyzer 
206 
Workflow4Metabolomics  Any Galaxy http://workflow4metabolomics.org 207 
Haystack  LC-MS Internet http://binf-app.host.ualr.edu/haystack/ 208 
ALLocator  LC-MS Internet https://allocator.cebitec.uni-bielefeld.de 209 
MeKO  GC-MS Internet http://prime.psc.riken.jp/meko/ 210 
MassCascade  LC-MSn KNIME https://bitbucket.org/sbeisken/masscascadeknime/wiki/Home 211 
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